The aim of the paper is to examine the long-term relationship between economic complexity, energy consumption structure, and greenhouse gas emission, within a panel of European Union countries and two subpanels: (i) European economies with higher economic complexity and (ii) European economies with a lower level of economic complexity. Taking into consideration the heterogeneity among European countries, the heterogeneous panel technique is used, including panel estimation through fully modified least squares (FMOLS) and dynamic ordinary least squares (DOLS). The empirical findings indicate a long-term equilibrium relationship between economic complexity, energy consumption structure and greenhouse gas emission within all three panels. Economic complexity and energy consumption structure have a statistically significant impact on greenhouse gas emission within all panels, but the influence is higher within the subpanel of countries with a lower level of economic complexity, suggesting a higher risk of pollution as the economic complexity grows and as the energy balance inclines in favor of non-renewable energy consumption. Our paper suggests that the economic complexity is a variable that must be taken into consideration when national economic and energy policies are shaped. Finally, policy implications for each panel of countries are discussed.
Introduction
The relationship between energy use and economic development has been extensively examined and discussed in several empirical studies, by taking into account the threat of greenhouse gas (GHG) emissions and the scarcity of energy resources.
In order to ensure the sustainability of economic development, the mitigation of GHG emissions has been the focus of policymakers, as well as researchers in recent decades.
At the European Union (EU) level, European energy policy has made efforts to develop coherent strategies for establishing common goals for all countries, including reduction of pollution and increase in the use of renewable energy.
All EU countries have assumed the commitment to sustain the goals of reducing GHG emissions by 20% compared to the 1990 levels, and increasing energy efficiency by 20% within the frame of the Europe 2020 strategy, under the flagship of "Resource Efficient Europe" (decoupling economic growth from the use of resources, supporting the shift towards a low-carbon economy, increasing the use of renewable energy sources, modernizing the transport sector and promoting energy efficiency) [1] . The strategy aims to turn the EU into a so-called 'low-carbon economy' based on renewable energy Within the wealthy energy-growth-environment literature, several studies have explored the link between pollutant emissions as a dependent variable and various indicators (economic, social, geographic, demographic and technological) as explanatory variables. The present paper introduces a new explanatory variable in the analysis of the determinants of environmental degradation, namely, the economic complexity. Relevant studies on economic complexity, technological innovation and their relationship with energy consumption structure and pollution are discussed below.
In a general sense, economic complexity refers to a country's productive structure, which leads to a specific structure of energy consumption and, as result, a specific effect on the environment. It is obvious that a country's productive structure could influence GHG emissions while the complexity level of products could harm the environment by generating pollution, but it also embeds knowledge and capabilities, research and innovation, which Within the wealthy energy-growth-environment literature, several studies have explored the link between pollutant emissions as a dependent variable and various indicators (economic, social, geographic, demographic and technological) as explanatory variables. The present paper introduces a new explanatory variable in the analysis of the determinants of environmental degradation, namely, the economic complexity. Relevant studies on economic complexity, technological innovation and their relationship with energy consumption structure and pollution are discussed below.
In a general sense, economic complexity refers to a country's productive structure, which leads to a specific structure of energy consumption and, as result, a specific effect on the environment.
The gap between the patents in fossil fuel and renewable energy technology can be decreased through policies encouraging the market entrance of companies which are specialized in renewable technologies [34] . The integration degree between different technology classes of environmental patents is important to the environmental productivity performance of companies, as highlighted by Aldieri et al. (2017) in the case of water pollution. These authors proved that specialized environmental technology fields' spillovers have a positive impact on firms' productivity [35] .
As an alternative in electricity production, the development of photovoltaic technologies and their participation in the renewable energy markets are driven by governments' incentives (reduction in corporate income tax, subsidies to operators of renewable energy projects, financing lines) and energy efficiency policies. The leading countries involved in these technologies include the USA, China, Japan, Germany and South Korea [36, 37] .
Renewable energy expansion and the growth of the electric utility infrastructure have stimulated the interest in smart grid systems. A smart grid refers to an electricity network which can integrate, in an intelligent way, the actions of all connected users in order to deliver a sustainable, economical and secure electricity supply [38] . Based on digital technology, smart grids can improve the reliability, security, and efficiency of the electrical system through the delivery network to consumers and a growing number of distributed generation and storage resources [39] .
As the chemical industry is one of the most emission-intensive sectors, R&D cooperation between chemical companies, universities and research institutes, as well as firms' participation in industrial clusters could create knowledge spillover effects and sustainable innovation activities [40] . It is also important to shape policies supporting sustainability, eco-innovation and resource efficiency in this industry [41] . Eco-innovation can contribute to sustainable development [42] , while environmentally friendly and socially responsible innovation fosters technological, institutional and organizational changes to the knowledge basis of existing production systems [43] . A number of external and internal factors is enabling eco-innovation and environmental change in companies: Technological, organizational, institutional, economical, market-related and societal [44] . The concept of eco-innovation is explored in the environmental literature in relation to the concept of sustainability transitions, which is defined as a long-term, multidimensional and radical transformation process leading to shifts in socio-technical systems towards more sustainable modes of production and consumption. Studies in this new field of research, which are mainly focused on energy and water supply, urban environment and transport, highlight how different green technologies could be combined in order to create new products, services, organizations and business models [45] .
While the literature on the environment and innovation is focused on the contribution of innovation to reduce climate change impact, Su and Moaniba (2017) [46] used a reverse approach and discovered that a country's propensity to innovate and patent climate change technologies is influenced by the levels of carbon dioxide and other GHG emissions.
External energy dependence in the European countries, increasing energy demand and the decline in conventional hydrocarbon reserves underline the call for other sources of energy (i.e., renewable and nuclear energy), although fossil fuels will remain the main source of available energy [47] . Within this context, carbon capture and storage (CCS) has been highlighted as a viable technology solution to reduce GHG emission and a mitigating strategy for climate change by Rodrigues et al. (2015) [47] , Raza et al. (2019) [48] , Mc Coy (2014) [49] and IEA (2011) [50] . An extension of carbon capture and storage technology is carbon capture and utilization (CCU) where the captured CO2 emission is also used as feedstock [51] . This is seen as a solution to improve the contradiction between economic development and environmental protection [52] . A detailed review of relevant papers on CCS and CCU technologies is provided by Yan and Zhang (2019) [53] .
The energy consumption structure refers to the combination of different energy types (solid fuel, oil, gas, renewable, waste etc) in terms of final consumption. As a non-renewable energy source, fossil fuels are the most polluting component of the energy consumption structure. Due to their depletion and harmful effect on the environment, countries are forced to conceive energy policies from a global perspective on all energy sources and take into account the demand of the socio-economic system [54] . In order to achieve a significant reduction in their share in final consumption, energy considerations should be incorporated within the design phase of products [55] . The diversification of energy types, increasing the share of non-fossil energy and the development of renewable sources became priorities of energy policies in several countries [56] [57] [58] [59] . Furthermore, hybrid renewable energy systems (combining several renewable energy sources) have gained the attention of business and industry in several countries [60, 61] , as well as micro grids composed of distributed energy resources [62, 63] .
Energy consumption structure, economic structure and energy efficiency exert a significant impact on pollutant emissions and can be considered as essential factors of low-carbon development [64] [65] [66] . Several methods have been developed in order to provide appropriate tools to analyse sectoral emission trends [67] , simulate energy consumption and GHG emissions under different conditions [68] , select economically feasible technologies [69] and models to optimize energy consumption structure [70] or improve energy structure in the industry [71] .
An outstanding model of the global energy consumption structure was developed by Hu et al. (2018) in the form of an evolutionary tree, including 144 countries and regions. Developed countries have the most diverse energy consumption structures, while the location of countries in the evolutionary tree can provide a basis for improving these structures [72] .
Energy consumption structure is connected with the economic structure. For example, the output of secondary industry has a higher effect on the energy consumption structure [73, 74] than the tertiary industry [75] .
Within the context of energy policies, energy consumption structure, as a technical term, is replaced with the concept of energy mix, which refers to a combination of various energy sources (coal, natural gas, nuclear, wind, solar power, biofuels) used to meet the energy needs of a country. The energy mix which leads to a reduction in carbon emission depends on the development level of the economy. Following the EKC hypothesis, Kim and Park (2018) [76] found out that the best energy policy mix for OECD countries involves a gradual decrease in their relative reliance on natural gas, nuclear power, biofuels and waste fuels in the short run, while solar and wind power energy sources can decrease carbon emissions in the long run as the economy continues to grow. The effect of energy mix on income depends on democracy level: Less democratic countries tend to become more dependent on oil and natural gas with their own development while more democratic countries tend to move away from oil and geothermal sources and encourage the development of renewable energy sources [77] .
Considering the above, it can be noted that the relationship between economic complexity and GHG emissions has not been analysed to date in the relevant literature, except for the aforementioned work of Can and Gozgor (2017) [27] which tests the validity of the EKC hypothesis in the French economy. The aim of the paper is to examine the long-term relationship between economic complexity, energy consumption structure and GHG emissions within a panel of 25 European Union countries. In addition, the analysis is carried out within two subpanels of European economies, in order to reveal country features which could affect the intensity of the relationship between economic complexity, energy consumption structure and GHG emissions.
The first contribution to the literature of this empirical study is that it analyses the long-run dynamics of economic complexity, energy consumption structure and GHG emissions in a panel data approach. The second contribution is related to the fact that a large part of the energy-growthenvironment literature, which examines this relationship by employing panel data methods, assumes that panel time-series data are homogeneous and cross-sectionally independent which could cause possible inference and forecasting errors. To fill this gap, our study employs heterogeneous panel estimation techniques with cross-sectional dependence.
To the best of our knowledge, the present study is the first to examine the relationship between the ECI, energy consumption structure and GHG emissions in a panel data model. The organizational structure of the paper is as follows: Section 2 provides the empirical model for this study, data sources and descriptive statistics; Section 3 presents the econometric modelling outcome; Section 4 discusses the results; and Section 5 concludes the paper with a summary of the main findings and policy implications.
Materials and Methods

Model and Data
According to existing studies [66, 78, 79] , the sectoral structure of the economy and the composition of energy consumption (solid fuels, oil, gas, and renewable energy), as well as the economic complexity [27] influence the level of pollutant emissions. The economic complexity was chosen as the primary explanatory variable because it is considered an accurate predictor of economic growth and expression of a skill-based, knowledge-based and sophisticated production [22] , which was not included before in a panel analysis of environmental impact. The reason for including energy consumption structure as the second explanatory variable is related to the fact that the increase of fossil share in energy consumption influences the carbon emissions and environment deterioration [66, 78, 79] and improvement of the energy consumption structure has a great impact on greening the economy and transitioning to a lower carbon-stage.
In order to explore the relationship between economic complexity, energy consumption structure and GHG emissions in the European Union countries, the panel data methodology is utilized due to its ability to control heterogeneity and serial correlation [80] . Thus, the paper proposes a model including three variables Equation (1):
where: GHG it denotes the GHG emissions (thousand tones), ECSP it is the energy consumption share generating air pollution (GHG emissions), ECI it is the Economic Complexity Index, i denotes the country and t the time. The Economic Complexity Index (ECI) is the expression of a country productive structure by combining information on the diversity (number of products it exports) Equation (2) and the ubiquity (the number of countries that export that product) Equation (3) [15] .
A country is able to manufacture a product if has all the available capabilities, hence it is connected with other countries to produce it, resulting in a network of interconnected countries. A product can be exported by several countries and a country exports products made by using capabilities of other countries, resulting bipartite networks in which countries are connected to the products they export. Mathematically, this network is represented using the adjacency matrix (M cp ). M cp = 1 when the country c is a significant exporter of the product p and 0 otherwise.
where: k c,0 represent, respectively, the levels of diversification of a country and k p,0 the ubiquity of a product. The Revealed Comparative Advantage (RCA cp ) Equation (4) of a country c in product p is:
where: X cp is the total export of country c in product p. A value of RCA higher than 1, indicates a comparative advantage of the country in a product. The link between M cp and RCA cp Equations (5) and (6) is shown below:
Countries exporting similar products can be connected defining a new matrix, weighted by the inverse of the ubiquity of a product and normalized by the diversity of a country M cc Equation (7):
The Economic Complexity Index (ECI) Equation (8) is defined as:
where: K c is the eigenvector of M cc associated with the second largest eigenvalue [16] . Taking into consideration that the share of renewable energy consumption (FREC) in the final energy consumption (FEC) doesn't harm the environment, the difference to the total final energy consumption (FEC-FREC) will generate air pollution (GHG emissions). Thus, we can express the share of final energy consumption generating pollution (ECSP) Equation (9), as follows:
ECSP reveals the energy consumption structure. A higher level of ECSP indicates a high share of non-renewable (fossil) energy consumption in the total final consumption. The values of final energy consumption and final renewable energy consumption were extracted from EUROSTAT database, Energy Balances, May 2018 Edition [81] .
The EUROSTAT database was also the source of data on GHG emissions. The values of ECI were collected from the Centre of International Development at Harvard University [82] . Data used in the study are regarding the period of 1995-2016.
In order to reduce data fluctuation and avoid panel heteroskedasticity, the variable GHG is converted in natural logarithms, expressed as lnGHG.
Equation (1) is re-written Equation (10) as follows:
where: β 1 and β 2 are elasticities of GHG as regards to ECI and ECSP, respectively µ it is the error. We use a panel of 25 European Union countries: Austria, Belgium, Bulgaria, Germany, Denmark, Spain, Estonia, Finland, Hungary, Ireland, Italy, United Kingdom, Greece, Poland, Portugal, Slovak Republic, Slovenia, Romania and Sweden. 3 Member States (Cyprus, Malta and Luxembourg) were excluded due to the lack of ECI series.
In order to capture disparities among the EU countries in their influence of economic complexity on GHG emissions, we divided the 25 EU panel members into groups (subpanels) according to the average values of ECI for the period of 1995-2016. The first subpanel consists of 15 EU countries (Sweden, Belgium, the Czech Republic, Germany, Austria, Finland, United Kingdom, France, Slovenia, Italy, Slovak Republic, Denmark, Netherlands, Ireland, Hungary) with average values of ECI between 1.14 (Netherlands) and 2.19 (Germany). The second subpanel includes 10 EU countries (Poland, Spain, Croatia, Estonia, Romania, Portugal, Lithuania, Latvia, Greece, Bulgaria) with average values of ECI between 0.13 (Greece) and 0.99 (Poland). The descriptive statistics of all variables are displayed in Table 1 . 
Econometric Specifications
Due to the interdependence of European economies as a result of their integration in the EU internal market and of EU common policies, a cross-sectional dependence across examined panels could exist. Additionally, regarding heterogeneity, when dealing with panel data methodologies, it is assumed that the variations between cross-sectional units are captured by fixed constants. However, some individual variability of the cross-sections may exist (due to differences in economic and productive structure, energy system, pollutant emissions) and if it is not taken into consideration, it may bias the results and cause incorrect inference. Therefore, the causality relationship between the variables under study will be explored by using heterogeneous panel causality and estimation techniques developed by Dumitrescu and Hurlin (2012) [83] .
Thus, in our analysis: (i) Cross-sectional dependence will be examined, (ii) stability of data series will be tested with panel unit root test, (iii) long-term relationship between variables will be investigated through the panel cointegration method, (iv) if the cointegration between variables is confirmed, the fully modified ordinary least square (FMOLS) and dynamic ordinary least square (DOLS) will be used to estimate the long-term elasticity between the dependent and the independent variables, and (v) causality relationship between variables will be examined with the Dumitrescu and Hurlin (2012) test [83] .
Testing the cross-sectional dependence across panels was used by Dogan and Aslan (2017) [84] when exploring the relationship between carbon emissions, energy consumption and tourism and by [68] when analysing the link between energy consumption, economic growth, urbanization and carbon emissions. The panel cointegration method is largely employed in empirical studies investigating the link between economic growth and renewable energy [85] [86] [87] [88] [89] [90] [91] [92] [93] [94] [95] [96] [97] and also, in exploring the relationship between carbon emissions, energy consumption and economic development [98] . The estimation of long-run parameters with fully modified ordinary least square (FMOLS) and dynamic ordinary least square (DOLS) methods is also used in almost all above mentioned studies [85] [86] [87] [88] [89] [90] [91] [92] [93] [94] [95] [96] [97] [98] , as well as by Dogan and Aslan (2017) [84] .
Cross-section Dependence in Panel Data
Cross-section dependence in our panel data will be examined by using the following tests: Breusch-Pagan LM (1980) [99] , Pesaran scaled LM and Pesaran CD (2004) [100] .
Based on Pesaran (2004) [100] considerations, in a panel data model Equation (11):
x it is k-dimensional column vector of regressors and β i are the corresponding cross-section specific vectors of parameters to be estimated, i = 1, 2, . . . , N (the number of cross-sections) and t = 1, 2, . . . , T (time). Under the null hypothesis of no cross-section dependence Equation (12), the correlation of disturbances between different cross-sections is zero:
While the alternative hypothesis Equation (13) states:
According to Pesaran (2004) [100] , in balanced panels ρ ij is the product-moment correlation coefficient of the residuals Equation (14):
The notation t ∈ i, j is used to indicate that we sum over the subset of T ij observations common to i and j to obtain the pairwise mean u i Equation (15), as below:
The pairwise mean is used to adjust the residuals in pairwise subsets which are not necessarily mean zero.
In the unbalanced panels, Pesaran (2004) [100] proposes the centred correlation coefficient Equation (16) as follows:
According to the Breusch-Pagan (1980) [46] Lagrange Multiplier (LM) test, the LM statistic dependence under the null hypothesis Equation (17) is given by:
where:ρ ij denotes correlation coefficients obtained from the residuals and χ 2 is the asymptotic distribution obtained for N fixed and T ij → ∞ for all (i, j) under a normality assumption of errors.
Recognizing that the Breusch-Pagan test is not appropriate for large N, Pesaran (2004) [100] proposed first a standardized version of LM statistic, the scaled LM Equation (18):
where: first T ij → ∞ and then N → ∞ , for an asymptotical normal distribution. In order to address the shortcomings of the LM test related to the fact that (T ijρ 2 ij − 1) is not centered at zero for finite T ij and the results are distorted for large N, Pesaran (2004) [100] proposed an alternative based on the average of the pairwise correlation coefficients Equation (19) : [102] , Madalla and Wu (1999) [103] , even in the presence of cross-sectional dependence [104] .
When testing stationarity of panel time series, we consider an autoregressive AR (1) process across sections in panel data Equation (20) , as follows:
where: i = 1, 2, . . . , N denotes the cross-sections, t = 1, 2, . . . , T i denotes the periods of time, x it represent the exogenous variables (including any fixed effects or individual trends), ρ i are the autoregressive coefficients and ε it represent the errors, assumed to be mutually independent idiosyncratic disturbance.
When |ρ i | = 1, then y i contains a unit root. There are two assumptions regarding the ρ i . First, we can assume that ρ i = ρ for all i, meaning that the parameters are common across all cross-sections. The Levin, Lin and Chu (LLC) (2002) [101] developed a panel unit root test using this assumption. The alternative assumption is that the parameters can vary across cross-sections. An example of a test using it is developed by Im, Pesaran and Shin (IPS) (2003) [102] .
Levin, Lin, and Chu (LLC) [101] test assumes that there is a common and identical unit root process across cross-sections. The following specification Equation (21) is considered:
where: α = ρ − 1 is common for all cross-sections and the lag order for difference terms p i may vary across cross-sections. The null hypothesis of a unit root Equation (22) is given by:
and the alternative hypothesis (absence of a unit root) Equation (23) is written as follows:
The Im, Pesaran, and Shin (IPS) (2003) [102] test allows for individual unit root processes, so ρ i may vary across cross-sections. Within this test a separate Equation regression (21) is conducted in each cross-section.
The null hypothesis Equation (24) is written as follows:
The alternative hypothesis (of stationarity) Equation (25) is given by:
Panel Cointegration Test
It is well known that many economic time series are not stationary, but a stationary process could be identified in their first difference series. Engel and Granger (1987) [105] noted that a linear combination of two or more such series may be stationary, in which case we say that they are cointegrated and the linear combination defines the cointegration equation with cointegrating vectors of weights, reflecting the long-run relationship between the variables.
Given the results of the panel unit root tests the next decision is regarding the estimation of regression Equation (3) . If the variables are not stationary at their level value, but integrated of the first order, the cointegration relation can be examined.
We use the panel cointegration test developed by Pedroni [106, 107] . Within this test, seven different test statistics are run: Four of them consist of in-group statistics (panel-v, panel-ρ, semiparametric panel-t and parametric panel-t) and other three consist of intergroup (group-ρ statistics, semiparametric group-t and parametric group-t) statistics. The interpretation of test results is as follows. The values of Prob for each statistic are compared with the selected significance level (1% or 5%). If the number of statistics with values of Prob below the significance level is at least 4, the null hypothesis (of no cointegration for all i) is rejected meaning that there is a long-term relationship between the variables.
Estimation of Long-Run Parameters
The cointegration coefficients can be estimated through the panel fully modified ordinary least squares (FMOLS) and the panel dynamic ordinary least squares (DOLS) methods developed by Pedroni [108, 109] .
The panel FMOLS equation Equations (26) and (27) can be written as follows:
where: y it is the dependent variable and x it is the independent variable, α it denotes the constant effects, β is the long-term cointegration coefficient/vector that should be estimated if we assume that there is no dependence between panel sections. The panel FMOLS estimator Equation (28) is specified as below:
where:β * FM is the FMOLS estimation result for a cross-section that forms each i-th section. The cointegration coefficient for the overall panel is estimated with the average of FMOLS coefficients in the cross-sections.
T-statistic for the panel cointegration coefficient (t * β * FM ) Equation (29) is calculated as below:
The panel DOLS method introduced by Pedroni [55] is specified Equation (30) as follows:
This equation is estimated for each cross-section of the panel and then the cointegration coefficient for the overall panel is calculated as the average of the DOLS coefficients for each section.
The panel DOLS estimator Equation (31) is calculated as below:
and the t-statistic for the panel cointegration coefficient Equation (32):
Panel Causality Test
We intend to find the direction of causality between the variables by using the test developed by Dumitrescu and Hurlin (2012) [83] .
In this test the null hypothesis (of no causality from x to y) Equation (33) is defined as follows:
Under the alternative hypothesis Equation (34), we assume that there are n 1 < n individual processes with no causality from x to y:
where: n 1 is unknown and 0 ≤ n 1 n < 1. If n 1 = n, then it is no causality for any sections in the panel. If n 1 = 0, there is causality for all sections in the panel. If n 1 > 0, the causality relationship is heterogeneous, meaning that the regression model and causality relations are different from one section to another. In this context, Dumitrescu and Hurlin (2012) [56] proposed to use the average Wald statistic in association with the test of non-causality hypothesis for i = 1, . . . , n.
In order to reveal the causality relationship in each section of the panel, individual Wald statistics for each section are computed and then the Wald statistic for the overall panel is obtained as the average of the individual Wald statistics Equation (35):
Each individual Wald statistic converges to a chi-squared distribution with K degrees of freedom under the null hypothesis of non-causality Equation (36):
When T tends to infinity, the individual Wald statistics are identically distributed, under the assumption that individual residuals ε i are independently distributed across groups.
When T → ∞ first and then n → ∞ , meaning that T < n, the standardized test under this condition Equation (37) is shown below:
When Z-statistic is higher than the corresponding critical value for a given level of risk, the homogenous non-causality hypothesis is rejected. Table 2 presents the results of cross-sectional dependence examination for all 3 types of tests (Breusch-Pagan LM, Pesaran scaled LM and Pesaran CD) in the EU panel and the two subpanels. We notice from the Table 2 that for all tests, the value of Prob is 0.000, indicating the rejection of the null hypothesis at 1% significance level in all panels and revealing the presence of cross-sectional dependence.
Results
Cross-Section Dependence Test
Panel Unit Root Test
As described above, because of the existence of cross-sectional dependence, in this section, the stationarity of lnGHG, ECI and ECSP will be inspected in all panels.
Due to the cross-sectional dependence identified above, we run the LLC and IPS test for all variables in all panels. Table 3 displays the results of LLC and IPS test in all panels. We notice that the series of variables at level value are not stationary, except ECI within the EU panel and first subpanel (LLC test) and lnGHG in the second subpanel (LLC test and IPS test). All variables are stationary in their first difference series, that is, they are integrated at the first order. 
Estimation of Long-Run Coefficients
The FMOLS and DMOLS techniques are used to estimate elasticities of lnGHG with respect to ECI and ECSP. The estimation results of FMOLS and DMOLS equations are shown in Table 5 . The estimation of FMOLS and DMOLS equations indicate that ECI has a validated statistical influence on lnGHG, for a significance threshold of 5%, in the UE panel and both subpanels. The influence is also validated for the influence of ECSP on lnGHG at a significance level of 1% in all panels.
In the UE panel, the long-run elasticity of GHG emissions with respect to energy consumption structure is 3.36, indicating a positive association between the two variables and, as expected, the increase of the share of activities generating air pollution has, as a consequence, a greater quantity of GHG emissions. According to the FMOLS equation estimation, the GHG emission will increase with 0.15% when ECI increases with 1%, respectively with 3.36% when the share of energy consumption for pollutant activities will increase with one percent. In the DMOLS equation estimation, the influence of ECI on lnGHG is lower than in the FMOLS estimation and the influence of ECSP is similar.
In the first subpanel of EU countries with a high level of products complexity, the elasticity of lnGHG related to ECI is lower than in the EU panel in both estimations (FMOLS and DMOLS). In the FMOLS estimation, when ECI increases with 1%, GHG emissions (as ln) will increase with 0.1% and the increase of ECSP with 1% will generate an increase in lnGHG emissions of 2.94%.
In the second subpanel of EU countries with lower economic complexity of products, the elasticity of ECI related to lnGHG is the highest of all panels (0.18), as well as ECSP (3.76), and likewise in the FMOLS specification, as well as in the DOLS estimation (0.15 for ECI; and 3.76 for ECSP). A 1% increase of ECI will generate an increase of lnGHG of 0.18% and a 1% increase of ECSP will lead to an increase of lnGHG of 3.76%, according to the estimated FMOLS coefficients.
Panel Causality Test
We used the Dumitrescu-Hurlin test to check the heterogeneous panel causality, but the results are not conclusive for all panels (Table 6 ). A validated causality from the ECSP variation to lnGHG variation in the EU panel is identified and also in the first subpanel of countries (with high economic complexity of their products), for a number of maxim 2 lags in the EU panel and for 4 maxim lags in the first subpanel. The causality from economic complexity to greenhouse gas emissions could not be demonstrated.
Discussion
Dynamics of Energy Consumption Structure and GHG Emissions in the EU Countries
There is a decreasing trend in the share of non-renewable energy in the total final consumption (ECSP) in all 25 EU countries. This trend is obvious in the first subpanel of countries (Figure 2a The annual average rate of ECSP decrease in the first group of countries is higher than in the second subpanel, even if the share of non-renewable energies in the total final consumption (ECSP) is higher than in the second group of countries; the countries from the second subpanel have lower shares of non-renewable energies but the annual average rate of reduction is only 0.147% compared to 0.2035% in the countries of the first subpanel The annual average rate of ECSP decrease in the first group of countries is higher than in the second subpanel, even if the share of non-renewable energies in the total final consumption (ECSP) is higher than in the second group of countries; the countries from the second subpanel have lower shares of non-renewable energies but the annual average rate of reduction is only 0.147% compared to 0.2035% in the countries of the first subpanel (Figure 3a,b) .
(a) (b) Figure 2 . Dynamics of energy consumption structure (ECSP),1995-2016 (Index 1995=100) (a) countries with higher economic complexity; (b) countries with lower economic complexity
The annual average rate of ECSP decrease in the first group of countries is higher than in the second subpanel, even if the share of non-renewable energies in the total final consumption (ECSP) is higher than in the second group of countries; the countries from the second subpanel have lower shares of non-renewable energies but the annual average rate of reduction is only 0.147% compared to 0.2035% in the countries of the first subpanel (Figure 3 a, b) . All the countries from the first subpanel registered a noticeable decreasing trend of their share of non-renewable energies in total final energy consumption, as exhibited in Figure  3a . The highest reducing speeds are registered in Sweden, Austria, Slovenia, Slovak Republic and Belgium and low performance in reducing pollutant activities can be noticed in the Czech Republic and Ireland.
In the second group of countries (see Figure 3b ), Romania and Bulgaria have a different evolution of the share of fossil energy consumption; the average annual growth of the pollutant activities is 0.22% in Bulgaria and 0.14% in Romania. In the rest of countries, Greece and Poland are standing out with high speeds of ECSP decrease, while low performers are Estonia and Croatia, as well as Portugal with a decrease rate close to zero. All the countries from the first subpanel registered a noticeable decreasing trend of their share of non-renewable energies in total final energy consumption, as exhibited in Figure 3a . The highest reducing speeds are registered in Sweden, Austria, Slovenia, Slovak Republic and Belgium and low performance in reducing pollutant activities can be noticed in the Czech Republic and Ireland.
In the second group of countries (see Figure 3b ), Romania and Bulgaria have a different evolution of the share of fossil energy consumption; the average annual growth of the pollutant activities is 0.22% in Bulgaria and 0.14% in Romania. In the rest of countries, Greece and Poland are standing out with high speeds of ECSP decrease, while low performers are Estonia and Croatia, as well as Portugal with a decrease rate close to zero.
Countries with higher performance in products complexity are countries with a high share of non-renewable energy consumption, tempted to invest in less pollutant industrial technologies and renewable energy sources generating a higher speed of reducing the pollutant activities. Countries with lower performance in their product complexity are experiencing a lower rate of reducing their share of fossil energy consumption.
Among the countries from the first subpanel, Austria registered the deepest decrease of GHG emissions, from 1995, but in 2016 the emissions are higher when compared to 2015. An increasing trend is obvious in several countries in the last years: The United Kingdom, Italy, Sweden, Slovak Republic, Slovenia and Hungary. After the decreasing dynamics in the period of 1995-2014, Finland, Germany and Denmark have a stable evolution in the last years ( Figure 4a ).
There is a slight decreasing trend of the lnGHG among the countries included in the second subpanel, from 1995 to 2016, but Romania and Estonia registered values above the 1995 level. A slight increasing trend can be identified in the last years in Portugal, Romania, Spain and Latvia (Figure 4b ).
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Country Features Affecting the Intensity of the Relationship Between Economic Complexity, Energy Consumption Structure and GHG Emissions
As it can be noticed from the last section, in all panels, the growth of the share of fossil energy in the total final energy consumption (ECSP) and of economic complexity (ECI) has led to increased greenhouse gas emission (lnGHG). The values of elasticity coefficients are statistically significant and higher in the second subpanel of countries with lower economic complexity than in the first subpanel and at the EU level. How can we explain this difference between the two groups of EU countries regarding the impact of economic complexity and energy consumption structure on GHG emissions? We discuss below country features that could affect this impact. 
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The Subpanel of Countries with Higher Economic Complexity
The increase in income in the last decades in these countries is accompanied by a decline in the fossil fuel share in the energy mix [110] . Coal is the dominant energy source in Germany [111] and the Czech Republic [112] while fossil fuels prevail in the energy consumption in the Netherland [113] , oil products and electricity in Austria, Ireland, Denmark, Slovenia and Sweden, oil products, gas and electricity in Belgium, the Czech Republic, Italy, Slovak Republic and United Kingdom) [81] , electricity, bio fuels and oil in Finland [114] . The shares of GHG emissions generated in 2017 by the manufacturing sector ranged from 19.87% in the United Kingdom and 49.29% in Austria, while in the energy production sector the values were between 10% in France and 42% in Germany [6] .
Almost all these countries are net energy importers and this high dependence on imports led to focusing their energy policies on the security of energy supply and investment in developing renewable energy sources. As an exception, the Netherlands is both a major importer and exporter of energy [113] . The highest shares of renewable energy sources in the final consumption in 2016 are registered in Sweden (53.89%), Finland (38.7%), Austria (33.5%) and Denmark (32.8%). These countries and other three (Italy, United Kingdom and the Czech Republic) have already exceeded the 2020 targets [115] . The first EU countries to introduce renewable energy sources in electricity were Denmark (1979), Germany (1989), United Kingdom (1989/90) [116] . Germany is one of the leading countries in the world in the growth of patents on photovoltaic cells [35] . The highest capacities of biomass electricity are installed in Germany, Italy, Finland and Sweden [117] while the Netherlands and the United Kingdom developed the highest number of projects on smart grids in the last decade [118] . Policy instruments to support renewable energy sources in the form of feed-in tariff (FIT) are applied in Germany (fixed feed-in tariff and target price feed-in tariff),the United Kingdom (target price feed-in tariff), Denmark (target price feed-in tariff, fixed-in premiums) and the Czech Republic (adjusting feed-in tariff and feed-in premiums). Other policy instruments, such as tenders for energy projects are specific for Denmark (tenders for target price feed-in tariff) and France (tenders for fixed feed-in tariffs). Quota obligations with Tradable Green Certificates are used in Sweden and Belgium, Italy and the United Kingdom. Fiscal measures (reduced value-added-tax on sales from eligible technologies) are specific for France. Income tax reliefs are used in the Netherlands, Belgium and the United Kingdom and net metering for own consumption in small houses in Denmark. Leading countries in the use of renewable energy in transport are Germany, followed by France, Italy and the United Kingdom. The use of electricity in transport has also reached the highest levels in France, Germany, Italy and Austria [117] .
The high level of energy intensity in industry sectors (chemical, petrochemical, pharmaceutical, iron and steel, paper and printing) and transport [119, 120] and the increasing energy demand for higher complexity products led to focus the policy energy on energy saving and energy efficiency goals. Some examples: Ireland has a pro-active energy efficiency policy that includes the National Energy Efficiency Action Plan outlining 90 actions [121] , one of the three pillars of Austria's energy policy is energy efficiency [122] and the Netherlands stimulates energy efficiency and innovation in energy-intensive industries along the whole supply chain (refining, petrochemical and agriculture) [113] .
The overall energy intensity in 2016, as energy per output (toe/1000 2010USD), is lower than in the second group (0.16 in Finland and the Slovak Republic, 0.13 in Slovenia and the Czech Republic, 0.13 in Belgium and under 0.1 in the rest of countries [123] .
The public funding for Energy Technology Research, Development and Demonstration (ETRDD) (as ratio of GDP) is the highest in Finland, Denmark, France, Belgium, Austria, Sweden, Slovak Republic, Italy, Germany and the United Kingdom [124] .
The energy policy mix in these countries contains a diverse range of instruments aiming to reduce energy intensity through improvements in energy efficiency and conservation and to shift energy consumption away from fossil fuels (i.e., the EU Emission Trading Scheme, tax credit, social energy tariffs, and subsidies for low income households living in less energy-efficient dwellings, incentive for households to renovate and invest in more efficient buildings and carbon taxes) [111] [112] [113] 122, 123, [125] [126] [127] [128] [129] [130] [131] [132] [133] [134] [135] .
The Subpanel of Countries with Lower Economic Complexity
These countries experience high levels of urban air pollution, due to the dependence on old and inefficient households heating infrastructure and heavy reliance on aged car fleet, mainly in Poland, Romania and Bulgaria [136] [137] [138] . Bulgaria, Estonia, Poland and Romania are the four European countries with the largest greenhouse gas intensity of the economy. This reflects a large share of energy intensive industries in the economy and a lower energy efficiency [138] caused by several factors (institutional, environmental regulation regime, technological, etc).
High shares of GHG emissions are generated by the energy sectors (Estonia, Bulgaria, Greece, Poland, Romania, Portugal and Croatia) [6] . The energy production is more pollutant as the manufacturing sectors (determinants of economic complexity). In 2016, the shares of GHG emissions ranged from 12.59% (Latvia) to 29.89% (Spain) in manufacturing sector while in the energy production they were higher (from 15.85% in Lithuania to 62.72% in Estonia) [6] . The highest levels of energy intensity of 0.16 are registered in 2016 in Estonia and Lithuania (equal with Finland and the Slovak Republic from the first subpanel) followed by Bulgaria (0.15), Poland and Croatia (0.1), Latvia and Greece (0.09) Portugal, Spain and Romania (0.08) [123] .
Liquid fuels, followed by electricity, gaseous fuels, renewable energy sources and steam and hot water dominate the energy consumption in Croatia [139] , oil products and electricity in Bulgaria, Estonia, Greece, Latvia, Lithuania, Portugal, solid fuels in Poland, oil, gas and electricity in Romania and Spain [114] .
Regarding the mix of energy policy instruments, we highlight the case of Portugal [140] where a carbon tax was introduced in 2013 in the non-traded sector (providing incentives to find least-cost ways to reduce emissions among sectors) and the fact that the European Emission Trading Scheme (ETS) as instrument for GHG mitigation has been adopted by four countries of this group (Estonia, Poland, Portugal and Latvia) [125] .
The highest shares of renewable energy sources in the final consumption are registered in Latvia 37.5 %, Estonia 28.8% and Portugal 28.5%, seven of the ten countries are already exceeded the 2020 target levels and Latvia is very close to its objective [115] . Among the instruments used in the support of renewable energy we mention: Feed-in tariffs (Bulgaria, Croatia, Portugal, Poland, Lithuania), adjusting feed-in tariffs (Bulgaria), feed-in premiums (Estonia, Spain, Greece, Lithuania), indexed feed-in tariff (Latvia), net metering (Greece, Latvia, Lithuania), loans, subsidies and tax reduction for heating (Greece, Estonia, Romania, Latvia), tax relief (Lithuania), tax exemption (Bulgaria), tenders (Lithuania, Poland), green certificates (Romania, Poland), financial support for renewable energy projects (Romania), tax incentives (Poland), price-regulation system (Spain). Time-depended feed-in tariffs are applied in Spain for hydro sources and electricity tax reliefs are granted in some countries where electricity generators are subject to electricity taxes (as for example in Poland and Latvia [35, 141] . Impressive progress was made in Greece in the share of renewable in electricity generation by using feed-in tariffs, decreasing technology costs and competitive auctions for solar photovoltaic and wind power energy projects [142] .
A low level of public spending (as ratio of GDP) in energy research, development and demonstration is registered in Poland and Spain while Estonia stands out with the highest level of all EU countries in 2016 [124, 143] .
Lithuania and Latvia are highly dependent on imports (fossil fuel, natural gas) [144, 145] , but cooperation with neighboring countries have increased the security of energy (gas and electricity) Sustainability 2019, 11, 497 20 of 29 supply (i.e., construction of the pipeline and terminal of liquefied natural gas, interconnection with Poland and integration into the EU gas market, together with Estonia and Finland).
Concluding Remark
As we can notice from the above discussion, possible explanations of the difference between the two subpanels of countries in the response of GHG emissions to the change of economic complexity and energy consumption structure could be found in specific features related to energy system, mix and policies, import dependence, domestic resources, level of integration into regional energy markets, energy intensity, level of income, as well as institutional, demographic, social and technological factors. Within the subpanel of countries with lower economic complexity the transition from coal towards oil, gas and renewable sources is slower; the levels of CO2 emissions per GDP and energy intensity in economy, as well as in the energy sectors are higher as in the countries with more complex products. In the first subpanel of countries, the energy policy mix includes a larger and more diverse set of instruments focused on energy efficiency, renewable energy and the level R&D funding is higher than in the second subpanel.
Conclusions and Policy Implications
Greenhouse gas emission is the most frequently used indicator in monitoring environmental pollution and energy policies effectiveness, as well as assessing the progress of achieving the established energy strategy goals at national and EU level.
Within this context, the paper's main contribution consists of the use of a new variable (ECI) to analyse the determinants of environmental degradation due to greenhouse gas emission. For this purpose, our paper investigates the effects of economic complexity on greenhouse gas emission in 25 EU countries and, additionally, in two subpanels of countries with higher respectively lower level of economic complexity, over the period 1995-2016. To this end, energy consumption structure is also included in the empirical model.
The main findings of the paper are summarized as follows. First, the speed of reducing pollutant activities is higher in the first subpanel of 15 EU countries with higher economic complexity, suggesting differences in energy efficiency and effectiveness of energy policy mix between the two subpanels.
Secondly, a positive and significant association in the long run between energy consumption structure and greenhouse gas emission was identified within the EU panel and both two subpanels, indicating that, over time, higher energy consumption in the EU countries give rise to more greenhouse gas emissions. These findings are in line with other existing studies on the relationship between energy consumption and pollutant emissions [68] . The impact of energy consumption structure on air emissions is higher in the ten EU countries with lower economic complexity, suggesting the need to give greater priority on policies aiming to mitigate the use of energy derived from fossil fuels.
Thirdly, more economic complexity is positively associated with greenhouse gas emissions growth in the long run within all panels and this evidence is the novel contribution of our paper to the existing literature on the impact of economy on environment. The effect of economic complexity in the two subpanels is different. Within the subpanel of countries with less complex products, the effect of both variables (ECI and ECSP) is stronger as in the other group of countries, suggesting a higher risk of pollution as the economic complexity grows and the energy balance inclined in the favor of fossil energy.
The paper also suggests that complex and sophisticated products can incorporate industrial technologies that may be more pollutant. Consequently, companies and policymakers should focus on integrating energy considerations within the design stage of products and promoting environmentally friendly investments when they decide to include products with higher complexity in the export baskets. In other words, if products complexity creates more greenhouse gas emission, the import can be an alternative. However, as Can and Gozgor (2017) [27] stated, a detailed analysis of the scale of environmental degradation in each industry is needed.
Fourthly, the results of panel causality test are not conclusive. Only within the EU panel and the first subpanel it was identified a validated causal relationship from the energy consumption structure to the GHG emissions. This leads us to the expected conclusion that the share of fossil energy consumption should be reduced in favor of other energy types within the energy mix (i.e., renewable sources) in all European countries in order to prevent extended pollution associated with the growth of products complexity.
As policy implications at the EU level, we point out the importance of adapted national actions targeting the implementation of "The Energy Roadmap 2050" initiative [3] and European Strategic Energy Technology Plan (SET-Plan) [146] , as well as the 2030 EU energy strategy [147] which states three key targets for 2030: At least 40% reduction in greenhouse gas emissions with respect to 1990 levels, at least 27% of final energy from renewable resources and at least 27% increase in energy efficiency. The 2030 EU climate and energy framework was amended in 2018 by a regulation applying to greenhouse gas emissions and removals from land use, land use change and forestry and setting out commitments of Member States in this regard [148] . It should be also mentioned the European energy efficiency framework, consisting of the three EU key Directives: Ecodesign (2009/125/EC) which covers the energy efficiency of products, Energy Performance of Buildings (EPBD-2010/31/EU) and Energy Efficiency Directive (EED-2012/27/EU) [149] [150] [151] .
In addition, our paper suggests that a careful monitoring of fulfilment of the above-mentioned EU Directives specifications and regulations is required in all examined countries, as well as consideration and implementation of energy taxes combined with policies concerning innovative technologies to increase production while reducing energy consumption. Specific measures promoting financial support for the development of carbon capture and storage (CCS) and carbon capture and utilization (CCU) and zero-emissions technologies (ZETs), hybrid and electric vehicles, clean-energy large-scale production and use, as well as diversifying the range of funding instruments of R&D activities (public-private, grants, Horizon 2020 Programme) must also be considered.
As the countries of the first subpanel with higher economic complexity already have a knowledge basis, a strategic decision could be related to the development of new products by using the existing capabilities, as well as using environmentally friendly technologies. In their case, specific suggested policy measures can be referring to developing an energy policy mix that aims to reduce energy intensity through improvements in energy efficiency and conservation and to shift energy consumption away from fossil fuels (i.e., the Netherlands), inclusively by an extensive use of CC and CCU technologies. It is needed to give a high priority to the abatement of the reliance on natural gas, bio and waste fuels, and nuclear power on the short term and increase the use of eco-friendly renewable energy (solar and wind power) on the long term as suggested by Kim and Park (2018) [76] . Policies which focus on energy efficient infrastructure and use clean energy and smart grids, such as smart home appliances, smart transportation, and smart renewable, further deployment of electric vehicles in France, Germany, Italy, Austria and the United Kingdom, as well as further support for development of photovoltaic and wind sectors in the renewable electricity production need also to be taken into account. Biomass use in households heating can be increased in France, Germany, Italy, Finland, Sweden and the Netherlands. Taking into consideration that the use of biomass for bio energy and for bio-based products creates new business opportunities in agriculture, forestry and manufacturing sectors [117] , introduction of appropriate policy instruments (i.e.certifications schemes for organic agriculture, fair trade, environmentally fair cultivation, bio fuel production) would contribute to building a green and low-carbon economy. Greater attention also needs to be paid to the diversification of R&D funding sources, by extending the share of private sources and greater involvement in the European Energy Research Alliance and ERA-NETs (European Research Area Networks), in order to offer support for development of R&D and technological diffusion within countries with less research resources (i.e., common research projects and actions under the Horizon 2020 Programme).
Regarding the countries from the second subpanel, a strategic direction may be the extension of the knowledge basis and creation of opportunities for highly skilled human capital accumulation, absorption of innovation and creating new capabilities for green products and technologies. It is important also to stimulate the shift to a green consumption through educating consumers to ask for greener and environmentally friendly products and services. An appropriate policy mix can reduce the carbon intensity in the energy consumption mix (mainly in Poland, Estonia, Romania, Lithuania, Latvia and Bugaria), speed-up the transition from coal to oil, gas and renewable and reduce the energy intensity of economic activities. Greater investments in energy efficiency can reduce emissions from the non-traded sector, power sectors and lead to a cleaner domestic heating (in Poland, Estonia, Romania, Bulgaria, Portugal and Croatia). In order to ensure a sustainable energy supply, reducing the dependence of imports from Russia (i.e., Poland, Latvia, Lithuania and Romania) should be accompanied by the diversification of energy sources and supply routes, focus on the use of existing energy resources, significant investment in infrastructure and development of electricity transmission grids. Optimal utilization of energy markets interconnections (i.e., connection between Spain, Portugal and France) and energy market integration with neighboring EU Member States, strengthening the Baltic electricity market and integration with the Nordic market would be also beneficial. The extension of the public support to clean energy technologies will increase the economic gains in the early progress of challenging abatement targets regarding GHG emission [152] . The increase of public and private funding of R&D activities, as well as taking advantage of available EU funding sources (i.e., Horizon 2020) for infrastructure development and further research will improve energy saving and efficiency. Increased participation in ERA-NETs (European Research Area Networks) and European Energy Research Alliance mostly in the areas of renewable energy and energy efficiency would contribute also to this goal. Diversification of the mix of energy policy instruments, through introducing additional components, such as: Tenders, investment grants, fiscal measures (reduced VAT, refunds, energy tax allowance, energy tax exemptions, revenue-neutral fiscal incentives) will encourage GHG reduction and energy saving.
As a final remark, the paper highlights that economic complexity must be taken into consideration when energy and economic policies are shaped and national targets are set out by the Member States, according to their general policy commitments regarding fostering low greenhouse gas emissions development.
A possible extension of the present study could be the examination of the EKC hypothesis regarding the effect of economic complexity on the environment in a panel of EU countries. 
